In this work, a statistical analysis of the daily logarithm variation of the IPC, the Mexican Stock Market Index is presented. A sample covering a period of 13 years, from 04/01/1990 to 08/21/2003 was analyzed and its Cumulative Probability Distribution studied. It was found that the Cumulative Distribution Function for extreme variations, can be properly described by a Pareto-Levy model with shape parameters α = 3.634 ± 0.272 and α = 3.540 ± 0.278 for the positive and negative tails respectively. This result is consistent with previous studies in which it has been found that, for worldwide financial markets 2.5 < α < 4.
Introduction
The behavior of extreme variations for different time lags of economic indexes, stock prices or even currencies, has been a topic of interest for the financial and economic communities, and their study is relevant in the context of risk management and financial risk theories. However, these analysis are usually difficult perform, due to the small number of observations in the tails of the distribution. The interest of the physicist community in the financial markets complex behavior, has strongly increased, boosted by the availability of worldwide economic data electronically recorded, giving rise to a different approach, under the point of view of the traditional Economics Theory to deal with problems arising in financial and economical fields. The collection of methods and techniques originally developed in the area of physics and that are currently used to study financial complex systems, is now called Econophysics and it is becoming an emergent branch of physics by itself [1, 2, 3, 4, 5, 6] . Some models proposed to describe financial indexes and stock price variations are:
• Gaussian distribution [7] .
• Log-Gaussian distribution [8] (Geometric Brownian Motion).
• Stable Levy distribution. [9, 10, 11] • Truncated Levy Distribution [12, 13, 14] .
• Poisson like distribution [15, 16] .
• Inverse cubic law [17] .
Empirical research of indexes of leading stock markets and individual stocks have been done, all of them showing regularities in their fluctuations, between them, we can mention:
• Pareto-Levy tails, with α ≃ 3 appearing in variations of individual stocks prices [18] and in variations of indexes of different leading stocks markets [17, 19, 20] .
• Number of trades in a given intervals also follow a power-law distribution with exponent α ≃ 3 2 [21] . • Decay of volatility correlations follow a power law distribution [22, 23] .
• Cumulative distribution function of volatility is consistent with a power law distribution asymptotic behavior with an exponent ≃ 3.
[24]
All above suggest Universality in financial complex systems. New models and even theories to explain these facts are currently being proposed. [22, 25, 26, 27 ].
Pareto-Levy Distribution. Stable Distributions.
Before continuing, and without intend of mathematical rigor, let us review the definition of a Pareto-Levy distribution: A absolutely random variable Y follows a Pareto-Levy distribution, if its Cumulative Distribution P has the form 1 :
with yi ≥ y0, y α 0 = γ and α > 0. In this case, we say that the random variable Y has a Pareto-Levy distribution with parameter α and scale parameter γ. When α < 2, P (x), the Pareto-Levy Distribution has infinite variance, so the Central-Limit Theorem can not be applied, allowing the possibility that the limiting distribution of these random variables be conserved and it remains of the power law form. In this case we say that the distribution is stable. When the condition α > 2 holds, the variance and the mean are finite and then the sum of Pareto-Levy distributed and independent random variables converges in probability to the Gaussian Law making the distribution unstable. For a mathematical treatment of these topics, consult [28, 29] , For a review under an econophysical point of view, references [6, 30] are recommended. Pareto-Levy distribution is more known in physics as the Power-law distribution, and its appearance in physics and other areas seems ubiquitous.
Data Analysis

IPC data base and sample
The data base containing the IPC 2 series analyzed in this paper, is available at [31] . Figure 1 shows IPC daily values for a period of 13 years, starting at 04/19/1990 and ending at 08/21/2003. In comparison with results from recent studies for different indexes [17, 19] , our statistical sample is very small due to the IPC lack of high frequency recorded data. In this study we analyze 3337 IPC daily records, this is a statistics about 3 orders of magnitude smaller than the one used in [17, 19] ; the reason of this is that, in very liquid markets 3 , as for instead the NASDAQ, variations are recorded every few seconds, whereas variation of the Mexican IPC index, is recorded daily. 
IPC variations.
In order to study price variations of financial assets, many observables can be analyzed, if Y(t) is the price or value of the index at time t, then the most commonly used observables are:
• Prices or indexes changes themselves, for some interval of time ∆t :
• Deflated prices and index changes.
• Returns, defined as:
2Í ndice de Precios y Cotizaciones for its Spanish meaning 3 In finance, it is said that a market is liquid if sellers and buyers can trade securities easily, i.e.any time, every seller can find a buyer without effort and vice versa.
• Differences of the natural logarithm of prices 4 , defined for some interval of time ∆t as:
Each one having its merits and disadvantages [6] .
In this paper and for the case of daily variations of the IPC, we prefer study the distribution of IPC logarithmic daily differences defined above by equation (4), where Y (t) corresponds to the value of the IPC at day t, t=1,...,3337, and ∆t = 1 day. We analyze the asymptotic behavior of its Cumulative Distribution function P (S(t)). Figure 2a ) shows the histogram for the set of values S(t). It is very interesting that this strongly symmetric and leptokurtic (fat tailed) distribution does not have any satisfactory model to appropriately describe the probability of events in its central region and in its tails at once. 
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Gaussian ----- Figure 2 : a) IPC daily difference variations distribution. This distribution is symmetrical with very fat tails.b) Distribution of daily logarithmic difference variations of the IPC. The regions studied in this paper S(t) > 0.035 and S(t) < −0.035 are indicated by the two vertical lines. c) Same as before, but with a vertical logarithmic scale, the broken line is an scaled Gaussian with the same mean µ and standard deviation that those for the S(t)) values. We can see that S(t) also has fat tails. Figure 2b) shows that the distribution of S(t) seems Gaussian like, but this is discarded after observe figure 2c), the same distribution with a vertical logarithmic scale. There are many extreme events visible almost as far as ten standard deviations from its mean. To easily compare, figure 2c ) broken line is a Gaussian scaled to the amplitude of S(t) and with the same mean and standard deviation as the S(t) series. Figure 2 shows how the price variations are distributed, but does not say anything about the dynamic of the stochastic process that governs price variations. The evolution of IPC daily log-difference is displayed in figure 3a ). We can observe that large variations are not uniformly distributed over time and is possible to distinguish phases of higher volatility 5 alternated with phases of a relatively financial calm. This is a characteristic of financial time series called clustered volatility. Clustering phenomena is not yet well understood, although there are some very successful models proposed such as GARCH Models and Stochastic Volatility Models 6 [32, 33] .
In order of appreciate the magnitude of these IPC strong fluctuations in price as well as in time, figure 3b ) shows a simulation of log prices variations assuming they are Gaussian distributed with the same mean and standard deviation that the IPC log differences. In this simulation, these notable facts described above are not present. The procedure for estimating the Pareto-Levy exponent from empirical data is straightforward: Pareto-Levy tails seems as straight lines in a log-log plot. Then, after doing a linear fit of P (S(t)), the CDF of S(t), the estimated slope gives us the exponent of the Pareto-Levy Distribution. Clearly a distribution that does not have asymptotically straight lines in a log-log plot can not be a Pareto Levy.
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Since logarithm function is not defined for negative numbers, for the left tail, we have used the properties of symmetry of P and analyzed −(1 − S(t)) instead S(t). P (S(t)) was fitted using the data available in the tail regions |S(t)| > 0.035, these regions are marked with vertical line segments in figure 2b ). This geometric cut has been chosen due to practical considerations, searching a compromise between optimize our measure of α and minimize our statistical error. After applying this cut, our sample of extreme events was reduced to 79 evens for the negative tail of S(t) and 93 for the positive tail.
We have found, that for the described regions, tails of the CDF of the IPC daily logarithmic variations decay as a power law. In a log-log plot, a straight line provides a good fit for them. Both fits are shown in figure 4. Table 1 resumes the fitted parameters obtained for the negative and positive tails of S(t): In this work, it was found that the asymptotic Cumulative Distribution Function of the IPC daily log differences does not correspond to any of the usual models like the Gaussian, log-Gaussian or a Stable Levy distributions. However our results show that the tails of the CDF can be well described by the Pareto-Levy distribution with exponent α = 3.634 ± 0.272 and α = 3.540 ± 0.278 for its positive and negative tails respectively. This result is consistent with previous studies [17, 18] , where was found that 2.5 < α < 4.0 for diverse financial markets. With this result we can assure that the random process that governs the time series S(t) is well outside Levy regime (0 < α < 2).
Conclusions
